An estimation of scour depth is a prerequisite for the efficient foundation design of important hydraulic structures such as bridge piers and abutments. Most of the scour depth prediction formulae available in the literature have been developed based on the analysis of the laboratory/field data using statistical methods such as the regression method (RM). Conventional statistical analysis is generally replaced in many fields of engineering by the alternative approach of artificial neural networks (ANN) and adaptive network-based fuzzy inference systems (ANFIS).
The problem of inherent uncertainties in the physical process and its modeling may be easily addressed by a fuzzy logic approach. The fuzzy approach is based on linguistic expressions that contain ambiguity rather than numerical probabilistic, statistical or perturbation approaches (Uyumaz et al. 2006) . The fuzzy inference system (FIS) has been employed in the prediction of uncertain systems because its application does not require a knowledge of the underlying physical process as a precondition (Ahmad & Ayyub 2006; Ayyub 2006; Tiwari & Ayyub 2006 . Ş en & Altunkaynak (2004) used fuzzy logic on hydrology for rainfall -runoff modeling. Fuzzy regression has been employed to investigate the modeling uncertainty in the prediction of bridge pier scour by Johnson & Ayyub (1996) . Shrestha et al. (1996) carried out the fuzzy-rule-based control systems for reservoir operation.
Kindler (1992) applied fuzzy logic for optimal water allocation. Bardossy & Disse (1993) employed it to model the infiltration and water movement in the unsaturated zone. Pongracz et al. (1999) reported that fuzzy-rule-based methodology on regional drought provided an excellent tool. Altunkaynak et al. (2004a,b) applied the fuzzy logic approach in the modeling of time series and reported its superiority over classical approaches. Uyumaz et al. (2006) developed a fuzzy logic model for equilibrium scour downstream of a dam's vertical gate and indicated that a fuzzy logic model has superiority over the regression model. 
CONVENTIONAL APPROACH
Most of the scour depth prediction formulae available in the literature have been developed based on the analysis of laboratory/field data using statistical methods such as the regression method. Johnson (1992) had developed a modified scour depth prediction model similar to the Colorado State University (CSU) formulae for non-uniform sediments in the following form:
where K s and K a are the factors accounting for the pier shape and the flow alignment, respectively, and are well documented (Melville 1997) . K is the coefficient and n 1 , n 2 and n 3 are the exponents of the equation, d s is the maximum depth of local scour at bridge pier, b is the width of the bridge pier perpendicular to the flow direction, h is depth of the approach flow, F ¼ U/(gh) and it has a strong influence on the scour depth. When standard deviation of the sediment is large, the sediment contains some non-moving sizes for a given discharge; the coarser material would tend to accumulate in the scour hole and inhibit the development of scour. As such, for the same median size, scour depth will be smaller for material with a larger standard deviation The influence of sediment gradation on the scour depth may clearly be observed in Table 1 ( Kothyari 2003) . The coefficient (K) and exponents (n 1 , n 2 and n 3 ) may be easily obtained from regression analysis of the observed data of scour.
Laboratory scour data from the University of Auckland is used in the present study, which was used by Johnson (1992) . The regression model was developed for scour depth prediction at a bridge pier in non-uniform sediments. The data were collected in an 11.8 m long, 440 mm wide and 380 mm deep glass-sided flume. The sample size is 130. and (iii) root mean square error (g). The performance of Equation (2) was evaluated during the calibration as well as the validation process and is shown in Table 4 .
The remaining unseen 20% of data (26) (ii) The regression curve may pass close to a certain percentage of points in the scattered diagram, but this cannot account for the validity of the method.
(iii) The prediction error is expected to abide with a Gaussian distribution function, which is not the case in many practical studies.
(iv) The prediction errors are also expected to be independent from each other, i.e. completely random (noise). The training data was the same randomly selected 80% of the available entire data for the network that was used in the regression analysis above. The remaining 20% of data was used for validation.
The ANN models of various training algorithms were employed for scour depth prediction using flow depth (h), The influence of the number of hidden neurons on the performance in the case of a feed-forward back-propagation algorithm has been shown in Table 5 . Table 5 indicates that architecture of 4 -16 -1 is more appropriate for both the phases of training as well as validation, and is considered to be an optimal structure.
The above procedure was adopted to get the final optimal structure for other training algorithms. Table 6 summarizes the optimal network architecture for various algorithms of the neural network based on a trial-and-error procedure.
The training of the network was then carried out and the progress of the training was monitored with a useful diagnostic tool available in MATLAB to plot the training and validation errors. The network training was stopped only when the validation error was more than the training error. These conditions are considered to be essential to avoid any significant over-fitting. Table 7 shows the various parameters of performance during training and validation, respectively. It may also be observed that RBF performs the best among all the prediction models for the training set of data but not for the validation dataset. However, the FFBP algorithm of ANN performs relatively satisfactorily both for training and validation. It may also be observed that the performance of ANN with all training algorithms under consideration is better than that of the regression method. The FFBP model may, therefore, be recommended in general for the prediction of the scour depth due to its simple architecture. The weights and biases for FFBP have been provided in Table 8 . Figure 1 shows the network configuration with FFBP that may be used for the prediction of the maximum equilibrium scour depth around bridge piers in non-uniform sediments along with the weights and biases in Table 8 . 
ANFIS APPROACH
The fuzzy logic system is good at knowledge acquisition and handling such fuzzy information as an expert's experience with respect to the observed input-output data. The fuzzy logic system has been widely applied to modeling, control, The adaptive neuro-fuzzy inference system (ANFIS)
is basically an integration of the techniques of fuzzy The architecture of the ANFIS in Figure 2 has five layers. The functional details of these layers are as follows:
Layer 1
This layer calculates the degree to which the given input x (or y) satisfies the term set A i (or B j for input y). The output of each node represents the strength of the corresponding rule.
Layer 3
The nodes of this layer are fixed nodes labelled N. The ith node of the layer calculates the normalized firing strength of the corresponding rule. The normalized firing strength ( w k ) of a rule (kth) is the ratio of the strength of that rule (w k ) and the sum of the strengths of all rules, i.e.
Layer 4 The nodes of this layer are adaptive nodes. The node function of the ith node of the layer is given by
Here w k is the normalized firing strength of the kth rule, which is obtained in layer 3, and ( p k , q k , r k ) is the set of parameters of this layer. These parameters are referred to as consequent parameters.
Layer 5
It has one node for a single output, which is a fixed node labelled S. This node calculates the sum of all incoming 
signals. Thus the overall output (z) of the ANFIS is
The ANFIS modelling involves two major phases:
(i) structure identification and (ii) parameter estimation. 
Number of nodes 77
Number of linear parameters 35
Number of nonlinear parameters 56
Total number of parameters 91
Number of training data pairs 104
Number of checking data pairs 26
Number of fuzzy rules 7
Radius of cluster 0.36 input and is propagated backward. From the error signal the premise parameters are calculated by applying the steepest descent method. The procedure of the hybrid learning is summarized in Table 9 .
APPLICATION OF ANFIS TO THE SCOUR DEPTH PREDICTION
The ANFIS was employed to get the fuzzy parameters for the prediction of scour depth in the case of non-uniform sediments. As in the previous two cases, here also only 80% of the available data was used for model prediction and the remaining unseen 20% of data was used for testing of the model. This was done in the MATLAB environment.
ANFIS, along with a subtractive clustering method, was employed for the scour depth prediction using flow depth Brief details of the ANFIS parameters for the present problem have been shown in Table 10 . The performance of the ANFIS was assessed qualitatively, shown in Figure 5 (c), and quantitatively in Table 11 , both for training and validation processes. It can be clearly observed from these that the performance for ANFIS-based modeling is satisfactory and better.
An overall assessment of scour depth prediction models An overall assessment of the various scour depth prediction models has also been made. This is to compare the performance of the ANFIS model over other models. Table 12 shows the details of the performance indices of the models for the training as well as validation set of data.
It may be observed that the performance of ANFIS is the best among the prediction models under consideration, as it gives maximum correlation (r ¼ 0.98), minimum mean absolute percentage error (b ¼ 7.49) and minimum root mean squared error (g ¼ 0.0055) for the validation set of data. A similar conclusion may also be drawn for the data of the training set. depth predictors in the literature (Johnson 1992) , for which the data is available to the author. It gives better prediction even with respect to the regression models developed in the present study.
The detailed calculation of the performances is also listed in Table 13 . The best performance of the ANFIS model over the other models under consideration may also be observed qualitatively in Figure 5 ANFIS model for scour depth prediction using original dataset
The pattern of the data presented for network training is considered to be one of the important aspects of the ANFIS where both inputs and outputs are raw data. The scour prediction Equation (1) is in the form of grouped data.
It can be rewritten in terms of original variables as Table 14 with reference to different combinations of data.
It may be observed that the ANFIS predicts scour depths better when it is trained with the non-dimensional (grouped) data than the original (dimensional) data in training and comparably in the validation.
SENSITIVITY ANALYSIS
The sensitivity tests are commonly carried out to ascertain the relative significance of each of the independent parameters on the dependent parameters. All the independent parameters re considered in turn in the sensitivity analysis.
Sensitivity analysis of the input parameters based on grouped data
The results of sensitivity analysis for the input scour parameters based on grouped data are shown in Table 15 .
The table indicates that b/h and h have respectively the most and the least effect on the scours depth (d s ).
Sensitivity analysis of the input parameters based on raw data
The results of sensitivity analysis for the input scour parameters based on raw data are depicted in Table 16 .
It may be observed from this table that b and h have respectively the most and the least effect on the scour depth (d s ). In the present case, the mean value of b/h (Table 2) is 0.382, which is less than 0.7. This is the case of the narrow pier (or deep flow) where scour depth depends on the pier size and independent of the flow depth (Melville 1997) .
In the case of deep flow, the surface roller (bow wave) does not interfere with the down flow and its strength and, as such, the flow depth has only marginal or no influence on the scour depth. Table 3 The pattern of the data presented for the network training is considered to be one of the most important aspects of the ANFIS modeling approach. It was also found that the ANFIS gives better prediction of scour depth when it is trained with grouped (dimensionless) data rather than raw data.
The sensitivity analysis of the grouped data indicated that b/h and h have respectively the most and the least effect on scour depth (d s ), while that of raw data showed that pier diameter has a greater influence on equilibrium scour depth than the other independent parameters.
